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Abstract: Topological design truss problems are known to be difficult to solve to optimality, 
partly due to the inaccuracies of computational strategies to evaluate the impact of external 
forces acting on a specific edge (truss), which can have significant resultant effect on other 
trusses, through the individual vertices (node) and the magnitude of these resultant effects are 
difficult to accurately estimate due to the damping effect of the vertices (nodes). Besides, the 
largeness of the search space can be an issue, which can only be resolved with superior 
computational power and strategies. The complexities of these problems becomes 
exponentially larger when it involves multi-level hierarchies. 
This paper proposes a variant of ant-colony metaheuristic algorithm (ACO). The proposed 
algorithm includes a local search metaheuristic. In this algorithm, the ACO will be used 
exploitatively to identify high performance area of the search field, through the continuous 
interactions between the search agents (ants) and then using the local search algorithms, such 
as hill-climber to localise the search solutions. The feasibility of the structure of each 
combinatorial solutions, i.e. the discrete options and the corresponding continuous design 
variables will be evaluated using the Grubler’s criteria (degree of freedom), to determine the 
kinematic stability i.e. the statistical and dynamic balancing of a solution (structure). 
 
From the computer simulation results, it has been shown that the proposed algorithm can be 
used simultaneously, in searching across multi-level hierarchies for solving trust topological 
design problems with both the discrete and continuous design parameters within a given set 
of constraints. It is effective and more efficient than the existing algorithms such as GA for 
the similar problems. 
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1 Introduction 
Evolutionary computation is a subfield of computational intelligence, which deals with 
mechanism ability to exhibit or facilitate intelligent behaviours in a complex and changing 
environment.1,2 In dealing with real world design and optimization problems, evolutionary 
computation has relied on nature-inspired biological behaviours of creatures and their 
behavioural patterns, which has been reengineered to solve complex design problems to 
optimality. 
 
One of the biggest challenges of our time, is the ability to create highly responsive systems,  
compact in design, simple in operation, large-variations of  options and configurations, easy 
to maintain and economical in every aspect (both materials and processes).These criteria puts 
a lots of design pressure on system designer and on production processes. 
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In multi-level truss topological design, the relationship between components and sub-
components at different levels of configurations of a whole-system will be the subject of this 
study. A typical example of this kind of design arrangement is the topological design 
schemata, where the number of discrete design options could grow exponentially, based on 
the inter-relationship between the main unit of an engineering system, its sub-units and the 
components of its sub-units.  
 
Navigating through these levels of hierarchies, for each discrete configurations and sampling 
the corresponding continuous search spaces simultaneously can be a daunting challenges to 
most algorithms. The strength of the ant colony metaphor (ACM) base algorithms, developed 
by Dorigo et al has had wide approval in dealing with complex engineering and 
optimisation systems2,3. The ACM provides a means of implementing concurrent searches 
through the use of multi-agents cooperation and interactions during exploration. 
 
The application of the ACM are demonstrated with two experiments: for each discrete 
configuration, the optimal solutions of the continuous search spaces are continuously 
evaluated to identify the design options that best matches the constraints and the feasibility of 
the structure/components. The implementation of ACM-variants used in this experiments 
with other variants of algorithms has proven to give better result than those used previously.  
 
In the past, genetic-based algorithms and strategies have been used to explore the search 
spaces of truss optimisation problems, by generating series of suboptimal solutions, that gets 
refine over generations and iterations of run. One of the disadvantages of these form of 
optimal solution generations is the complicated mathematical models and heavy 
computational power required to obtain such results. The age of advancement in computer 
power technology has eased the consideration of such technique as viable ways of attaining 
feasible solutions for truss optimisation problem that are generally known to have very large 
phenotypic and genotypic search spaces. In addition, topological design problems are known 
to have very large search spaces.4These search spaces usually contain series of local multi-
modal-minima, which are usually very attractive for the GA’s and therefore could easily be 
trapped in these local optima, as shown in Figure 1.5,6   
Furthermore, an unstructured problem domain i.e. one that has landscapes is deceptive with 
changing topologies during the evolutionary process. For these sorts of problems, the 
conventional method is not effective and efficient to find optimal solutions, when compared 
to using ACO.7 
 
This paper will be focused on proposing and design of an ACO-based discrete and continuous 
optimisation algorithm for optimising multi-level truss topological design. Following the 
introduction, Section 2 deals with the formulation of objective function of the truss sizing 
optimization problem. Section 3 presents the use of ACO-variants for solving discrete and 
continuous design problems with hierarchy levels. Section 4 propose a method for applying 
hill climbing algorithms for fine tuning optimal solutions. Section 5 provides results of the 
computer-based soft experiments and comparative analysis with the other algorithms for a 
case study of seven-bar truss design. Section 6 draws a conclusion and provides the scope for 
further work on this algorithm. 
 
 
 
 Figure 1 Three-dimensional view of the search space 
 
 
2.0 Case for the use of ants-system algorithms for truss optimization 
2.1 Problem discussion 
Even though ants are assumed to be blind, yet they still communicate with each other, as well 
as with the environment8. A specific ant family known as the Lasius Niger uses the 
pheromones as a means of communicating certain findings to one another. Other behaviours 
observed with this ant’s family, which makes them stand-out among other spices for solving 
such complicated design problems include the followings: 
  The randomness of search among each search agents 
The search agents (individual ants within the family) takes responsibility of ensuring the 
survival of the whole colony. This is achieved through individuals and collective efforts 
of family members that randomly samples the entire landscapes in search of food-sources 
(division of labour) and coordinate their efforts to bring the food to the nest. This 
explains why the ant-system works well on dynamic systems and on graphs with 
changing topologies, which is of interest to design and engineering problems  The trust among each individual as well, as among other family members 
Family member are welled trusted members, and therefore each agents respond effectively to the 
signals given by the other member. The idea of trust is very essential in software design and explains 
why access-restrictions are necessary to prevent intruders from corrupting the individual agents 
(software) - protocol design. 
  The degree of thoroughness of the search by the ant (exploration/exploitation) 
 It has been  identified that the paradigm between exploration and exploitation of a search 
space for the use of specialist software for archiving these tasks.9 In a highly diversified 
random method, an individual ant participates actively in exploring the entire search 
space. When the food-source is located, the attractiveness of the deposited pheromones 
along the trail ensures that other family member join forces in exploiting the solution. 
This characteristic is very important since one-software cannot explore and exploit 
 
 
effectively the entire search spaces in polynomial time. As cooperation among the ants 
family is essential for the survival of the entire enclave, the cooperation among the 
different software is important for efficiency and reliability  
  The sense of judgments among individuals in abandoning a non-promising trail. 
 The simple fact that ants are able to follow the path with higher intensity of pheromone 
deposits is a natural and admirable sense of judgments, this explains why a non-
promising area of search could easily be abandoned and all resources from the trail are 
re-committed to high performance regions within the search space. 
  Balance between cost and solutions  
 The economic consequence of a solution is another area, where the ants demonstrate 
some degree of superior judgments among lots of software’s. When the distance from the 
nest to the food source is very long, the deposited pheromone on the trail quickly 
evaporates between successive tours. This action could be examined from two 
perspectives: 
o There is an assumption that when the cost of finding a good solution (could be 
computational cost or etc.) exceeds the reward, the solution may not be worth 
exploiting; hence the pheromones on the trail evaporates and consequently no other 
ants will explore that path. 
 
o In contrast, therefore, if every optimal solution is abandoned because of the cost of 
bringing food to the nest, it comes impossible to find good solution. So there must 
be a way of balancing cost and the quality of the solution. Otherwise modifying the 
problem space will be the only-way out. 
  
 
2.2 Design complexity of the problem 
Describing a system that comprises of both the discrete and continuous design variables is 
somewhat difficult in nature. The difficulties are mainly associated with the discreteness of 
each configuration option, which can only be described by a large continuous search spaces. 
When the discrete level increases, an exponential increase in the continuous search spaces is 
expected, sampling these continuous search spaces concurrently for each discrete 
configuration can be somewhat be challenging for any computational machines. ACO tends 
to have a balance that ensure that each agents simultaneously computes each of the 
continuous search spaces of their respective discrete configurations and relates the data to a 
centralised repository. 
 
3.0  Topological truss design problems 
3.1 Introduction 
In order to understand the complexities of topological design problems, it is imperative to 
examine the complexity posed using ant colony metaphor to find optimal design solutions for 
a simple truss optimization problem as shown in Figure 2. The aim is to solve topological 
design problems as if it were the travelling salesman problem (TSP).  
 
 
 Figure 2 Pheromones paths laid by ants as they locate each food source 
 
The motivation for applying ant-colony metaphor for solving topological design problems is 
based on the recorded success of the ant-colony metaphors for solving discrete or continuous 
design problems for the obvious reasons stated above.3,8 
 
Figure 2 shows a typical 7-bar trusses that consists of a number of edges, represented by a 
numerical values between 1 and 7. The inter-connectivity device between two edges, m and n 
are known as the vertexes (5 vertexes in total). As ants (s) wonders in search of food-source 
from their nest, they make probabilistic decisions, based on the numbers of options available 
to them, with regards to directions and locations that deemed promising where they might 
find some food source. As they journey in search of food, they communicate with other ants 
through the deposition of stigmergy (pheromones) on the path. 
 
As shown in Figure 2, during this iterative process, pheromones (dotted-lines) is a 
representation of series of constructed solutions by the ants as they move-from the present 
edge m to the next edge n. 
 
Pheromones are chemical substance with the capability of evaporation, depending on the 
intensity of the follow-up ants. In the case of truss optimisation problem, a solution can only 
be said-to-be feasible if it can withstand the forces at play and gives the user a sense of 
security, that is that such a product will not crumble under fatigue (Grubler’s criterion) 
 
3.2 Mathematical modelling of an truss optimisation problem 
Similar to the TSP; the objective of this paper is to find the optimum topological design 
(TOD) with the objective of minimizing materials (volumes) cost. The stress in materials 
under tension and displacement due to the acting forces can be used to check if the design is 
strong or not. The objective function of minimising materials volume can be expressed as:  
Min  7 1m nmAW        (1) 
  
Where: W is weight; 
   is material density; 
 Anm is area of the current truss m in relation to the next truss n; 
3.3 The seven-bar truss problem 
The seven-bar truss-line diagram, as shown in Figure 3, is a transposition of the 7-bar 
pheromones diagram in Figure 2. The seven-bar truss line diagram consists of two reaction 
 
 
forces, which are rigidly bolted to the earth and well supported at point A and B. At the top of 
the structure, are two equal and opposite horizontal forces P1 and P2.  A vertical compressive downward force (P3) acts on the base of the construction, resulting in a harmonic deflection of the edges concerned. 
 
 Figure 3 Free-body line diagram for Seven-bar truss 
 
The resultant effect of this vertical compressive force (P3) is a maximum deflection at the middle-length of the base truss A-B. 
 
3.4 Formulation of constraints: 
Due to the action of the exerted forces on the body of the structure, the structure mechanism 
may be subjected to deflective action (compressive); the life span of such structure will 
depend on the intensity of stresses caused by these forces.  
 
As a check on each edge, the maximum stress on a specific edge (m) will depend on the 
formula in Equation (2).  
  =   ≤ 	

   (2)   
Where:  m is normal stress on edge m; 
 is normal force on edge e;  is the area of truss m;  	

is the maximum allowable stress on member m (for m =1 to 7).  
 
Since the objective of this section is to deal with the structural optimization of the seven-bar 
structure, which in principles will address the following under mentioned items, such as: 
topological optimization, which refers to the variations of the element node (vertexes), being 
the connectivity between the current edge (m) and the next edge (n).The shape optimization 
refers to the movement of the node that can affect the shape of the structure without 
compromising its topology and node-connectivity. The size optimization will deal with the 
variations in the cross-sectional areas of edges (m, n). 
 
 
 
The slenderness ratios (,) and displacements (,) are two very important factors that can be used to determine the feasibility of the generated ants solutions, hence it is imperative 
that these factors are taken into considerations. 
 Subject to:   =    − 1 ≤ 0:   = 1, … … . .    (3)    =       − 1 ≤ 0:   = 1, … … . .  (4)   !=!,"!   − 1 ≤ 0:   = 1, … … . .    (5)   
Where: mg is stress value per unit edge; 
 mg  is slenderness ratio; 
 m is displacement due to forces at play; 
 icF  is compression forces; 
 m  is computed stress per each edge; 
 iall is the maximum allowable stress on each edge. 
   is the slenderness ratio. 
3.5 Conditions for efficient ant systems: 
Bilchev and Parmee identified that in order to have an efficient ants- algorithms, the location 
of the nest is an important factor.9 The nest is a symbolic colony (home) which inhabits the 
ant’s family. The nest should be located in an area that is closer to a constant-food source 
supply. This will prevent the ants from having to explore a large unconstraint search spaces in 
search of food. Therefore, the location of the nest will always be an important factor in 
solving design problems within polynomial time. If we consider the simple cantilever 
problem (32 x 20 cells), which is essentially a simple design problem in today’s design 
environment but the search space could be as large as 2640 design choices. Kim and de Weck 
argued that of these 2640 design choices, only less than 5% is physically meaningful.4 In 
reality, it is almost impossible to explore the entire design choices within polynomial time. 
Kim and de Weck proposed the idea of using a dedicated software (ants) to locate the 
fractions (5%) with physical meaning from the vast hypothetical design choices. There have 
been suggestions that a “niching-algorithm” could be employed to scan the search spaces in 
order to identify high performance regions where the nest could be located. 
 
Another important factor is the identification of the stopping criteria for the ants-algorithm, 
Bilchev et al proposed a variant of ant-colony algorithm for searching continuous design 
spaces.9 It was proposed that if after a successive number of iterations, a specific trail 
continuous to generate values that is below a stated threshold, such trail will be evaporated 
and the resources redistributed to a more promising trail (path). Dorigo et al holds on to the 
analogy that ACO algorithm could not work well without evaporation of solutions that are 
sub-optimal.3 The evaporation of a solution can only occur when a specific path does not 
attract more ants (stagnation). The evaporation is a condition resulting from fewer ants 
moving towards a trail. It was noted that excessive numbers of ants in a trail could lead to 
 
 
less efficient computational system. This situation is noticeable when the result obtained after 
a number of iterations is not significantly improved. In TSP problem, this paradigm will 
introduce the need for a trade-off between the numbers of ants and the number of vertexes 
Dorigo.10 
 
3.6 Construction of solutions (path) 
As the ants transverse through the trusses, stochastic decisions are made by each ant base on 
the number of choices at their disposal regarding the direction of the next (n) move (m,n). An 
Ant (k)has the option of moving from a current edge (m) to the next edge (n) base on the state 
transition rule of the probability stated in Equation (6) below: 
 #,$ = [&"]([)"]*∑ [&]([)]*,-./                 0  1 2$     (6)  
Where: 
 #,$ is transition probability of the k-th design variable, transiting from (m) to(n); 3 is quantity of pheromone deposit between the edges m and n ; 
 4 = 1 5   is the inverse of the distance (, );  2$  is the feasible environment of ant k and edge m;  8 is relative factor of importance of pheromone trail; 
 9 is relative factor of the heuristic value. 
 
Note that this conditions exist to be true of the relationship between the values of the alpha 
(8) and the beta (9) respectively. When the value of alpha (8) tends towards zero:  
 8 (:;<ℎ:)   ⇢   0 {<ℎ@@A B@<A0C :@ @;00D@, :C C@BA C C:E@  :;C@:C0F@ GH0IE HC@ } 
 
Consequently when the heuristic value of9 (beta) tends towards zero, 
 9 (D@C:) ⇢  0 {ℎ@H0AC0I F:;H@ :@ B0A@:B@B, I:HA0 0AE   :;0Cℎ AC::C0, A00;: C K D@0 C:<<@B 0 ;I:; <C0H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This two conditions must be addressed to avoid them happening. A similar trends that occurs 
using the genetic algorithms (GA) to solve truss optimization problem; a situation that occurs 
when GA is trapped into a local optimum and needs the re-introduction of some strengths, in 
form of mutation to energise the algorithms to move out of the trapped position.11 
 
At initialisation stage, a matrix P is generated, representing the numbers of design variables 
encoded in the problem domain. This matrix (P) is initialised with a value of zero for each of 
the design variable. These values is used to indicate the strength of the pheromone (3L) upon each of the edges. The assumption is that pheromone level is very negligible or almost none 
in existence at the start of the iteration. 
 
As the artificial ants (k) traverse along the path (edges) from the start-node, the state-
transition rule is applied based on the Equation (6). After an instant tour has taken place 
(transition) each ants (k) automatically updates the pheromones level (updates Matrix P) from 
 
 
the initial pheromones (3L) level to a new updated value using Equation (7), which is popularly known as the local updates: 
 
             3 = (1 − M)3 +  M3O  ….      (7)   
Where: 
 3is quantity of pheromone deposit at edges m   3Ois value of pheromones deposited at initialization stage               M is the rate at which pheromones concentration vaporises on edge (m) for the  
 M  Values that lies between  0 ≤ M ≤  1  
 
The reasons for the local updates is to enhance diversities in the solutions constructed by the 
ants and ensure that edges already visited becomes less attractive for the follow-up ants (k), 
thereby enhancing the exploration of the ants to other edges (n) that has never been explored. 
 
The steps above is repeated using Equations (6) and (7) respectively. After the successful 
completion of these transition tours, a global pheromones update is initiated to enhance and 
update those tours that represents the best solutions using the global transition update 
Equation (8): 
 
             3 = (1 − M)3 +  M∆3        ∀(, ) ∈ #ST  ….    (8)   
Where: 
 3is the quantity of pheromone deposit at edges m;  ∆3 is the minimum value of pheromones deposited at initialization stage;  M  is the rate at which pheromones concentration vaporises on edge (m): 
                    F:;H@A Cℎ:C ;0@A 0 D@CU@@:       0 ≤ M ≤  1.  
 
5.0 Evaluation of constructed/update of solution matrix 
As ants transverse through the edges and nodes, each ant constructs a solution that should be 
instantly updated locally These local update changes is very important for the search 
paradigm of the ant colony algorithm as they serve multi-purposes. The local change updates 
the row values of the matrix and also serves the purpose of demotivating more and more ants 
from following the already visited truss, as the pheromone level decreases with more visits. 
Consequently, these action ensures that unvisited truss edges are becoming more attractive 
for the up-coming ants, which in-turn increases the exploration rate of this algorithm 
(exploration versus exploitation). The exploitation of this algorithm is archived by employing 
a local hill-climber algorithm. 
When all the ants have constructed their respective solutions, i.e. an assumption that ants 
have ended their tours; only those solutions identified as best candidates solutions are 
globally updated, using the global update Equation (8). 
 
After the global update of the best solutions, the kinematic stability of the solutions are 
evaluated alongside the infinite analysis method. A solution can be accepted or rejected 
through the application of the Grubler’s criteria or internal stability Equation (9) 
 
 21 22)1(3),( JJNnmF  )    (9) 
Where: N is number of nodes; 
 
 
 J1 is lower level reaction forces;  J2 is higher hinges/reaction forces; m is current energy state; 
n is the next energy state; 
F is Degree of freedom. 
 
Applying the Gruebler’s equation, if the degree of freedom (D.O.F) is zero, it implies that 
there exists a perfect balancing of the forces, that means that the solution is a structure, 
however if the obtained value (D.O.F) is greater than zero, it means that we have a 
mechanism, an indication that our solution may not be able to withstand the forces that will 
be at play. The final solution will be those solutions in the matrixes whose value is zero, from 
applying the Gruebler’s equation. 
 
6.0 Numerical results and analysis 
In this section, the numerical results are presented for the comparative analysis. The Standard 
Genetic Algorithm  is selected for comparative analysis with the proposed new ACO method. 
The 7-bar truss in Figure 2 is used for the simulation. Table 1 shows the constraints of the 
search simulations. 
Table 1 Search constraints  
Item name Symbol Value range  Purpose 
Alpha α 1.0 Enhance exploitation 
Beta β 0 - 0.5 Heuristics information 
Diameters (D) D1……D7 20mm < D < 55mm Prevent over dimensioning 
E-Module Steel E-module 200,000 2/ mmN  Standard value 
Material  Carbon steel 40-60  
Allowable Stress 	

 	

 ≤ 89 2/Y Prevent collapse 
Deflection δ 1.0 mm ≤ δ≤ 1.25 mm  
Strength of pheromones  1.8d D = diameter 
Reaction forces  P1, P2, P3 P1 = P2 = 0, P3 = 250 KN  
Initial ant size  10000  
Density  3/7830 mkg   
GA standard deviation  0.01595  
 
6.1 Reasons for Standard Genetic Algorithm (GA) for comparison 
The Standard Genetic algorithm (GA) has been applied successfully in solving many 
complex problems, including some design problems. The genetic algorithm (GA) which is 
inspired by Darwin's theory of evolution is rooted in the principles of survival of the fittest in 
nature (environment). 
Genetic algorithms are based on the evolutionary processes that occurs in nature, involving 
different species and their ability to survive over time (generations) in their environment 
(nature). The GA uses a population of individuals to represent the species, that will 
reproduces offspring’s over periods of generations and whose ability to survive into the 
future (over many generations) will largely depends on their fitness and ability to adapt to the 
changing nature of their environment. 
 
 
 
In GA’s the population of individuals (the off-spring) which are produced over each 
generation may or may not look like their predecessors (parents), depending on some factors. 
These offspring’s are produced as a result of undergoing through the process of evolution, 
known as genetic operators, consisting of crossover, selection and mutation respectively. 
 
When the genetic operators are applied to a population of genes, represented by bit strings in 
the simplest form, each gene receives a numerical evaluation that connotes her fitness to the 
environment (the search space). Each point in the search space represents one possible 
solution and each possible solution can be identified by its fitness value. The solutions with 
the highest fitness value are preserved into the next generation. These characteristics 
(population of solutions) makes GA’s one of the most attractive algorithms for solving 
problems of larger dimensional variables. AG has been applied in optimisation design.12-15 So 
in this paper GA is selected for comparative analysis with the proposed new ACO method. 
 
GA was run, over 100 generations, producing varying areas for the 7-bar trusses. Figure 4 
shows the curve of fitness against the generations. The diameters of the 7 bars generated 
using GA method are listed Table 2.  
 
 Figure 4 The relation between fitness and generations 
 
Table 2 The simulation results using GA (Unit =  mm) 
 D1 D2 D3 D4 D5 D6 D7 
1 45 41 36 51 41 37 33 
2 50 36 32 41 32 31 45 
3 53 44 43 36 38 40 43 
4 43 42 36 44 42 43 44 
5 40 44 41 42 43 39 37 
6 34 41 44 43 42 43 43 
7 43 50 41 43 45 31 41 
8 48 43 43 43 41 43 44 
9 46 47 41 36 43 44 42 
10 40 42 44 43 43 43 41 
 
 
 
 
From the result above, an average deflection of 1.25mm was obtained; the impact of this 
value will affect the durability and the life span of the structure and consequently the factor of 
safety. However, with 1.25 mm deflection on the structure, this represent an infinitesimal 
influence on the factor of safety of the structure in the short-term, as this could be within the 
limit of constraint. However, the overall influence can be used to estimate the life span of the 
structure (product), in the form of a guarantee.   
 
In Table 2, the highlighted rows 10 and 8 represents the minimum and maximum row values 
for the diameters generated by the GA. The aim of selecting these two extreme values is to be 
able to calculate the corresponding areas and stress on the construction. These quantities will 
forms the basis for comparative analysis.  
 
The minimum area for minimum GA solution is 9839 Y with stress of  25.4 2/Y and 
the maximum area for GA solution = 10982 Y with a stress of  22.7 2/Y. 
 
From the simulation results, it can be seen that the better and more refined results begins to 
emerge as the GA approaches over 100 generations. Slow convergence rate was observed, 
which raises the suspicion whether, more exploration/exploitation were taking place. The rate 
of convergence can be subject to questioning, but since this research is not about GA, such 
debate would not be appropriate in this forum. This is a standard GA. 
 
From the result above, an average deflection of 1.25mm was obtained with a maximum stress 
on the material or construction of 25.42/Y. The impact of this value will affect the 
durability and the life span of the structure and consequently the factor of safety. However, 
with 1.25 mm deflection on the structure, this represent an infinitesimal influence on the 
factor of safety of the structure in the short-term, as this could be within the limit of 
constraint. However, the overall influence can be used to estimate the life span of the 
structure (product), in the form of a guarantee.   
 
 
6.2 Numerical results using the proposed ACO-based discrete and continuous 
optimisation algorithm 
The proposed ACO-based discrete and continuous optimization algorithm has been applied 
for optimising the same 7-bar truss as used in GA method.  
 
Table 3 lists the numerical results of the diameters of all seven bars using the proposed ACO-
based discrete and continuous optimisation algorithm. 
In Table 3, the highlighted rows 7 and 12 represents the minimum and maximum row values 
for the diameters generated by the GA. The minimum area for ACO solution = 4593Y 
with a minimum stress of 36.7 2/Y and the maximum area for ACO solution =6811 Y with maximum stress of  54.4 2/Y. 
 
Comparing the simulation results of Table 2 (GA method) and Table 3 (the proposed ACO 
based algorithm), it can be noticed that the bar diameters obtained using the proposed ACO 
based method is much less than the those obtained from the GA. That means more materials 
can be saved. This can only be best described as the over-dimensioning of the structure. The 
over-dimensioning is usually caused by computational inefficiencies, which gives rise to 
material waste and hence financial lost. 
 
 
 
These values could be attributed to the elimination criteria used by Grubler for decisions 
regarding the kinematic stability of the structure with respects to the forces at play, especially 
on the trusses that are directly affected. 
 
Table 3 Simulation results using the proposed ACO (unit = mm) 
 D1 D2   D3 D4 D5 D6 D7 
1 34 39 33 34 23 40 23 
2 41 28 26 31 28 40 28 
3 38 41 30 37 25 33 38 
4 23 40 35 28 38 41 39 
5 32 29 33 28 33 26 28 
6 31 40 37 29 41 31 40 
7 26 33 25 28 24 27 37 
8 37 25 33 24 29 32 41 
9 38 36 32 25 38 30 40 
10 38 29 26 23 23 39 32 
11 38 40 24 29 41 30 24 
12 41 35 38 35 39 30 26 
13 29 36 41 29 38 30 39 
14 40 32 30 32 24 26 29 
15 37 27 30 34 33 40 40 
16 33 34 30 32 33 32 36 
17 36 24 35 35 41 40 30 
18 41 41 25 40 26 29 30 
 
In Table 3, the highlighted rows 7 and 12 represents the minimum and maximum row values 
for the diameters generated by the GA. The minimum area for ACO solution = 4593Y 
with a minimum stress of 36.7 2/Y and the maximum area for ACO solution =6811 Y with maximum stress of  54.4 2/Y. 
 
Comparing the simulation results of Table 2 (GA method) and Table 3 (the proposed ACO 
based algorithm), it can be noticed that the bar diameters obtained using the proposed ACO 
based method is about 20% to 30% less than the those obtained from the GA. That means 
more materials can be saved. This can only be best described as the over-dimensioning of the 
structure. The over-dimensioning is usually caused by computational inefficiencies, which 
gives rise to material waste and hence financial lost. 
 
These values could be attributed to the elimination criteria used by Grubler for decisions 
regarding the kinematic stability of the structure with respects to the forces at play, especially 
on the trusses that are directly affected. 
 
7 Conclusion 
In this paper, a variant of ant-colony metaheuristic algorithm (ACO) has been proposed. The 
proposed algorithm includes a local search metaheuristic. In this algorithm, the ACO is used 
exploitatively to identify high performance area of the search field, through the continuous 
interactions between the search agents (ants) and then using the local search algorithms, such 
as hill-climber to localise the search solutions.  
 
 
 
A 7-bar truss was selected for the comparative analysis of the optimised designs between the 
proposed ACO based method and GA. From the computer simulation results, it has been 
shown that the proposed algorithm can be used simultaneously, in searching across multi-
level hierarchies for solving trust topological design problems with both the discrete and 
continuous design parameters within a given set of constraints. The bar diameters obtained 
using the proposed ACO based method is about 20% to 30% less than the those obtained 
from the GA. 
 
It should be pointed out that in this paper only a 7-bar truss is used for analysis. Further work 
should be carried out to determine whether the effectiveness of solving multi-hierarchy 
problem, consisting of both then discrete and continuous design variables for large industrial 
appliances, where the discrete value is used to determine which of the continuous search 
spaces are active or non-active and the effect or contribution of the non-active genes in 
enhancing population diversities. 
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